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A FUSION DETECTION ALGORITHM TARGETED TO GENE 
EXPRESSION OUTLIERS USING RNA-SEQ DATA.
Shahbozbek Abdunabiyev
Turin Polytechnic University in Tashkent
Abstract
 Nowadays there exist many bioinformatics tools that analyse sequencing data to identify genetic aberrations. The genetic aberrations can 
be amplification, mutation, copy number variation, fusion and so on. And they may cause pathology such as cancer. The identification of 
driving mechanism of pathology may lead us towards personalized or precise medicine. Personalized medicine is a medical model that 
uses genetic information of person’s disease to diagnose or treat the disease.
The fusion detection tools are a subset of the bioinformatics tools that are targeted to find gene fusions. Usually, they have long execution 
time and work on the whole dataset to find all possible fusions. In this work we have designed and implemented target based fusion 
detection pipeline that works on a single gene. We had the sequencing data and the target gene that is highly expressed as input. We used 
alignment tools, statistical analysis, filtering and data mining techniques to find possible fusion partners.
Keywords: bioinformatics, genomics, cluster, mutation.
1 Introduction
Cancer is caused by changes (alterations: translocations, 
deletions, amplifications and inversions) to the DNA within 
cells. The DNA inside a cell is packaged into a large number 
of individual genes, each of which contains a set of instruc-
tions telling the cell what functions to perform, as well as 
how to grow and divide. Errors in the instructions can cause 
the cell to stop its normal function and may allow a cell to 
become cancerous [1]. 
Alterations happen often, but the human body can cor-
rect most of them. Depending on where in the gene the al-
teration occurs, it can be useful, harmful or not important at 
all. So, not all alterations are relevant for formation of cancer 
and one alteration alone is unlikely to lead to cancer. Usual-
ly, it takes chain of alterations over a lifetime to cause can-
cer. Gene fusions are important events in cancer formation 
from DNA alterations. 
Gene fusion is the event that two genes form a hybrid 
transcript in the DNA transcription (RNA formation). Now-
adays, development of the Next Generation Sequencing 
(NGS) technologies creates good opportunity to detect gene 
fusions. NGS technology reads DNA nucleotides and pro-
duces fixed length fragments (string of nucleotide letters) 
which are in two forms: single-end and paired-end (often 
called RNA-Seq reads). In order to obtain paired-end reads 
NGS technology sequences both ends (5’ and 3’) of DNA, 
which is not the case for single end [2].
Nowadays, there are several fusion detection tools that 
detect fusion events from paired-end RNA-Seq reads. They 
map paired-end reads to references (genome, exome, trn-
scriptome) and try to detect if read pairs are mapped to two 
different genes. Mapping process provides the first list of fu-
sion candidate genes. Consequently, tools determine the ex-
act location where genes are fused by finding reads that par-
tially mapped on both genes. The following tools are exam-
ples which adopt this general mechanism: FusionSeq, de-
Fuse, ChimeraScan, Bellerophontes and soon. Even if they 
share the same general idea, they differ in type of filters and 
intermediate steps which they apply to decrease a number of 
false fusion events.
Complexity of available tools is very high due to com-
plex filtering techniques, operations on large sequencing 
dataset and annotation of all possible fusion events with 
known genes [4]. As we stated in the beginning, not all fu-
sions are relevant in cancer development. Typical conse-
quence of gene fusions at the RNA level is strong variation 
of gene expression. It is possible to obtain the most relevant 
genes (outliers) by means of data mining techniques applied 
to gene expression analysis. 
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In order to reduce complexity of fusion detection pro-
cess, we designed and implemented fusion detection pipe-
line targeted to outlier genes. In our implementation we used 
BOWTIE2, BLAST+, BedTools tools for alignment and an-
notation, Python, awk and Bash scripting skills for filtering 
and join operations. For execution and testing the pipeline, 
computational resources were provided by HPC@POLITO 
[6].
2 Methods
We provide pipeline workflow selected outlier gene (tar-
get gene) and it finds possible fusion candidate genes in two 
phases: alignment and filtering-annotation phases. The fol-
lowing sections highlight basic steps and details of the pipe-
line workflow.
2.1 Phase 1: Alignment
The section focuses on details of computational steps 
of the alignment phase of the pipeline workflow. Figure 1 
shows the schematic flow of this phase. The alignment phase 
provides a set of possible fusion candidate reads by aligning 
RNA-Seq data on target gene, genome and exome in differ-
ent steps.
Figure 1: Alignment phase of the pipeline workflow. 
Reference genome alignment. Aligning RNASeq reads 
to a reference genome is the first step in many comparative 
genomics pipelines, including pipelines for fusion detection. 
Many fusion detection tools exploit Bowtie2 alignment tool 
[7] for the initial sample alignment. Because, it is fast and 
memory efficient for aligning large datasets on long refer-
ences. For this reason, we selected Bowtie2 and used it in 
this step. As a result, we obtain a set of unmapped reads and 
we discard all reads that are mapped to reference genome.
Target gene BLAST alignment. The new dataset gen-
erated from unmapped reads is aligned subject to target 
gene with BLAST+ alignment tool [3,5]. Then, output of 
the BLAST is filtered to get reads that are partially mapped 
to target gene. Firstly, duplicate alignments are removed (in 
some cases BLAST reports duplicate alignments). Then, we 
filter out alignments with alignment length above predefined 
threshold and all further hits of the same read are also dis-
carded. After that, read ids are extracted from filtered BLAST 
output and they are used to create a new dataset from the set 
of unmapped reads, which is generated in the previous step.
Reference exome BLAST alignment. Starting from the 
new dataset generated in the previous step, we run another 
BLAST alignment on reference exome. We apply the same 
filtering criteria as before to obtain reads with partial align-
ments. Moreover, alignments on target gene are excluded 
from BLAST output. So, we keep alignments related to oth-
er genes, which are possibly fusion candidate partners for 
the target gene.
2.2 Phase 1: Filtering-annotation
The second phase of the fusion pipeline workflow is the 
filtering-annotation. In this phase, we examine alignments 
generated in the previous phase for finding possible fusion 
events. In the meantime, we annotate them with known 
genes in order to identify involved genes in fusion event. 
Therefore, cascade of filters are applied on the set of align-
ments. Figure 2 shows flow schema of this phase, where we 
start with alignments and generate a list of fusion candidate 
genes and corresponding reads as a final result. 
Create initial set of candidate reads. In the previous 
phase we stored filtered BLAST alignments of target gene 
and exome. In this step, we join two datasets based on read 
identifier. As a result, we generate the initial set of fusion 
candidate reads, where the two parts of the read mapped on 
different genes.
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Figure 2: Filtering-annotation phase of the pipeline 
workflow
Filtering 1: Overlapping and coverage reads ex-
traction. One of the most important step of the pipeline 
workflow is to identify properties of reads that are involved 
in fusions. That is why, previously generated candidate reads 
are analyzed to get most promising candidates. We keep 
reads that two parts of the read are consecutive or overlap 
with each other in terms of read coordinates. Moreover, the 
two parts should cover the read length with given threshold 
(e.g 80% coverage). Both the coverage threshold and over-
lapping window size can be tuned based on dataset.
Annotation. For annotation purposes we used UCSC 
and RefSeq known genes annotation database. Since there 
can be gene aliases, the database is modified by removing 
gene aliases. As a result we keep only the most generic genes 
in terms of genomic coordinates. Then, the set of reads gen-
erated in the previous step is annotated with modified anno-
tation database
Filtering 2: Extracting reads along fusion breakpoint. 
Starting from annotated set of reads, we apply another fil-
ter for ranking candidate genes based on significance. First-
ly, we remove candidate genes which have annotated reads 
less than given threshold. Then, we identify possible fusion 
breakpoints and candidate reads with remaining set of reads. 
Finally, fusion breakpoints are sorted subject to a number of 
supporting reads and corresponding fusion candidate gene is 
extracted for each breakpoint. As a result, we obtain a sorted 
list of fusion candidate genes.
3 Results
Firstly, we tested the pipeline with TCGA-CA-5254 data-
set with ~ 80 mln of 48bp long reads. In this case, BCAR4 is 
selected as a target gene and results are validated with deFuse 
results. In the test, we identified fusion BCAR4-ZC3H7A fu-
sion which is common with deFuse. The deFuse provides 
27 supporting reads along fusion breakpoint. Our pipeline 
provides 30 supporting reads for fusion and 20 of them are 
common with deFuse output. Then, there was an another test 
with TCGA-AA-3520 dataset with ~ 30 mln of 76bp long 
reads. For this dataset, we selected FLVCR2 as a target gene 
and obtained results are validated with MapSplice results. 
The pipeline found out FLVCR2-RPS24 fusion, which exists 
in MapSplice output. There are 11 supporting reads reported 
in MapSplice output, while the pipeline provides 25 reads. 
MapSplice reported fusion breakpoint as chr14:76062166 
for FLVCR2 and chr10:79796970 for RPS24. Our pipe-
line resulted as following: chr14:76062160 for FLVCR2 and 
chr10:79796970 for RPS24 with 10 supporting reads along 
junction. 
4 Conclusion
Results show that implemented pipeline provides simi-
lar results as available fusion detection tools. Moreover, our 
pipeline introduces some innovations as follows:  
• Target based fusion detection.
• Less complex filtering processes, dataset and compu-
tation time.
• It is independent of read types (paired-end, single-end).
In the future, the pipeline can be optimized by increasing 
sensitivity. Moreover, web service based version of the pipe-
line can be introduced. As a result, we will achieve a unique 
framework for fusion analysis of outliers (genes or any ge-
nomic intervals).
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